 Abstract-This work develops a number of automatic slow wave sleep (SWS) detection methods that employ only one or two channels of EOG/EEG signals. In addition to the reduction of signal channels, a distinct feature of the proposed approach is the introduction of a new feature set that can make the proposed approach insensitive to interpersonal differences of the physiological signals. The tested subjects include 265 and 947 persons underwent full overnight polysomnography from two different sleep centers. With 265 subjects from one center as the training set and 147 subjects from the other center as the validation set, the first part of our experiments yields SWS detection results of Kappa coefficients 0.72-0.78, sensitivity 0.77-0.90 and positive predictive value 0.73-0.82. Using the 947 subject dataset, the second part of the experiments compares the relative merits of the tested methods and investigates the impacts of SWS ratio and severity of sleep apnea on the performances of the proposed methods. Finally, our results suggest that the quality of the training set is of great importance for the development of accurate SWS detection methods.
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I. INTRODUCTION
Slow wave sleep (SWS) is a very important part of human sleep and has been found to be associated to a variety of clinical problems including diabetes risk [1] , memory consolidation [2] , psychiatric disorders [3] and hypertension [4] .Another factor that distinguishes the significance of SWS is the availability of the SWS-enhancing drugs. By increasing the time spent in SWS, these drugs open a new direction for remedying problems caused by sleep loss [5] . A possible strategy to comprehensively study the interaction between SWS and the SWS-related problems is to perform large human population studies for SWS. However, this requires a very intensive amount of work for signal acquisition and sleep staging. Typically, after These difficulties have been tackled from two directions. First, in responding to the inefficiency of manual scoring, many attempts have been made to automate the sleep staging process by using artificial intelligence or pattern recognition techniques [6] - [11] . Second, the complexity of the signal acquisition and processing tasks can be simplified by using fewer channels of signals. Such simplifications typically use one or two channels of EOG or EEG signals [12] - [17] .
It should be noted that both EOG and EEG activities are propagated to the head surface. As a result, the signals picked up by the EEG or EOG electrodes are actually the combinations of both signals. Separating the EOG and EEG signals is often a challenging task [18] . Another problem of EEG/EOG signal processing is the interpersonal differences. Typically, human physiological signals are qualitatively similar but not quantitatively identical. For instance, one of unique properties of SWS is its large-amplitude low-frequency EEG waveform pattern. However, the actual amplitude and frequency band of such a slow wave activity vary from person to person and are difficult to model.
The goal of this study is to introduce automatic SWS detection methods by using one to two channels of EEG/EOG signals. Compared to previous work, the proposed methods have the several distinct features. First, without the need of EEG-EOG separation, this work introduces a number of new signal features that make the proposed approaches relatively insensitive to interpersonal differences. Second, this study systematically compares the effectiveness of different combinations of EEG and EOG signals for detecting SWS. Third, this study investigates the influences of SWS ratio and AHI value on the accuracy of sleep staging since such influences have rarely been investigated.
A. Study Subjects and Polysomnography
Patients were recruited from China Medical University Hospital and Sheng Mei Hospital Sleep Centers. These two sleep centers will be referred to as center C and center S thereafter. Clinical data were collected retrospectively. The 265 subjects from center C were enrolled from 2005 to 2008. The 947 subjects from center S were enrolled from 2006 to 2008.PSG data were recorded using computerized polysomnographic systems. The stored data were digitized for computer analysis by data analysis software (Matlab; MathWorks Inc; Natick, MA). The raw data were reviewed by an experienced doctor and scored by a sleep technician certified by the Taiwan Sleep Medicine Society. Every 30 seconds epoch was scored according to the criteria of Rechtschaffen and Kales [19] .
In the first part of the experiments, the 265 subjects from center C were used as the training set and a 147 subject subset from center S was chosen as the validation set. Table I shows the clinical features and sleep stage composition of these subjects. Studied in the second part of the experiments, the clinical features and sleep stage composition of the 947 subjects from center S are given in Table II . Note that one of the critical differences between these two tables is the percentages of SWS. 
B. Features for Sleep Staging
This study formulates the SWS detection as a binary classification problem whose goal is to distinguish SWS and NSWS (non-SWS) on an epoch-by-epoch basis by using information provided by a number of signal features. In this work, the feature set is divided into three groups each of which consists of three features. The first group is introduced to characterize the waveform of the signals. Derived from the first feature group, the second and third feature groups are designed to deal with the interpersonal difference problem of the signals. For the sake of convenience, we will use symbol x, y and z to represent the features of the first, second and third feature groups, respectively.
The first feature group is originated from the zero-crossing points. To generate these features, an epoch is first divided into thirty one-second intervals. For each of such intervals, after subtracting the interval mean from the signal, the zero-crossing points (ZCPs) can be located by finding the points where the signal changes sign. With these ZCPs, the time history of a signal can be divided into a number of segments which will be referred as ZCP segments hereafter. Apparently, the speed of the signal can be characterized by the lengths of the ZCP segments. Hence, the first two features employed in this work are the sample mean and standard deviation of the ZCP segment lengths.
The third feature can be written as:
where I is the number of ZCP segments for the epoch under consideration, z i denotes the time associated with the ith ZCP, and the s(t) denotes the signal being processed. Note that the integral appears in (1) is essentially the absolute value of the area under the response curve of signal s(t). Apparently, increasing the amplitude of s(t) makes this area larger and reducing the speed of s(t) leads to larger z i+1 -z i difference. Together, these two properties can characterize the high-amplitude low-frequency EEG signal pattern frequently appear in SWS.
In developing features to overcome the influences of interpersonal differences of the physiological signals, we first assume that the probability density function (PDF) of the feature variable x can be written as p(x, μ) where μ is the mean of x. By assuming C 1 and C 2 to be the ratios of SWS and NSWS for a particular night of PSG recording, the PDF of the feature for this PSG recording can be written as:
where p S and p N are the PDFs of x associated with the SWS and NSWS, respectively. We further assume that the functional forms of p S and p N to be fixed and their only unknown parameters are their means μ S and μ N . Clearly, μ S and μ N as well as the weighting coefficients C 1 and C 2 are individually dependent.
To account for the uncertainty associated with μ S and μ N , for every first group feature x, the corresponding second group feature y is chosen as the percentile rank of x within the PSG recording. The rationale behind this design is based on the fact that the mean of a random variable can be determined by a sample whose value and percentile rank are known as long as the PDF of this random variable is completely specified except for the value of its mean.
As shown in (2), another possible source of interpersonal differences come from the weighting coefficients C 1 and C 2 which represent the relative amount time spent in SWS and NSWS, respectively. According to the Bayes theorem, the optimal decision rule for a classification problem depends on the posterior probabilities as well as the prior probabilities of the patterns to be classified [20] .For our SWS detection problem, the prior probabilities are simply C 1 and C 2 which typically vary from person to person and from night to night.
This study develops the proposed SWS detection methods by learning from a training set. Since the staging results of the training set are completely known, we can readily derive p S and p N for this training set and then determine the corresponding p(x) via (2). Similar to (2), the PDF q(x) of an arbitrary PSG recording that awaits sleep staging can be expressed as:
To develop features that are adaptable to this new PSG recording, we first acknowledge the fact that if the value of the feature variable x is known to be a, then we can always determine an Δx to satisfy
provided that 0 ≦ε≦ 1. Note that the upper (lower) limit of this definite integral should be replaced by the maximum (minimum) value of x if a +Δx(a -Δx ) is larger (smaller) than maximum (minimum) value of x. In this study, the value of ε is chosen as 0.05. Once Δx has been determined, the values of the three definite integrals appear in the following equality can all be determined. 
III. RESULTS
A. A Comparative Study for the Proposed Method
The goal of the first part of the experiments is to test the proposed approach by using different combinations of EEG/EOG signals. In specific, for the one-channel configuration, C3M2, C4M1, REOG and LEOG had been independently tested for SWS detection. For the two-channel combinations, the tested methods included C3M2-C4M1, REOG-LEOG and C3M2-REOG. In performing these tests, the one-hidden-layer multilayered perceptron (MLP) was chosen as the classifier. The connection weights of the MLP were determined by the conventional backpropagation algorithm.
Based on a large dataset (265 PSGs, 136150 epochs) and two channels of EOG signals, the method proposed by Virkkala et al. [15] was also designed for SWS detection. The parameters of their SWS detection rule were determined by using a training set of 133 subjects. Applying this SWS detection rule to the other 132 subject validation set yielded the following SWS detection results: Kappa coefficient 0.7, accuracy (epoch-by-epoch agreement) 0.93, sensitivity 0.75, PPV (positive predictive value) 0.71. The ratios of SWS in their training and validation sets are both about 15%.
In order to compare our methods to that of [15] , the datasets used in the first part of the experiments were purposely arranged such that their SWS ratios to be approximately 15%. With three hidden neurons, the MLP was trained by the 265 subject training set and then tested on the 147 subject validation set. As demonstrated by the validation results summarized in Table III , all of the tested methods achieve higher Kappa value, sensitivity and PPV. With the exception of the method that uses only LEOG, the accuracy of all tested methods are also higher. 
B. The Influences of the SWS Ratio
The goal here is to study two other factors that can influence the performances of the proposed approaches and possibly many, if not all, other automatic sleep staging methods. The first actor is the SWS ratio. The second factor is AHI (apnea-hypopnea index) which is often used to characterize the severity of sleep apnea. For this part of the experiments, we used the dataset of Table II to develop the proposed methods. By using an eight hidden-neuron MLP to perform classification, the training results are summarized in Table IV . Note that since the number of training examples is significantly larger than the number of MLP parameters (779661 epochs versus 90 MLP connection weights), the overfitting problem is unlikely to occur [21] . Therefore, there is little need to set up a validation set to test the generalization capability of the MLP.
The results of Table IV are apparently inferior to those  of Table III . This discrepancy can be explained by the variation of the SWS ratio. Compared to the 15% SWS in the first part of the experiments, the SWS ratio of the second study is only 3.3%. To investigate the difficulty caused by small SWS ratio, we selected six different SWS% subsets from the sleep center S dataset. With a 5% SWS ratio interval, these subgroups were arranged such The results of Table V demonstrate that the SWS detection performances deteriorate with the decline of SWS ratio. Note that the results of Table V(as well as  Table VII which will be presented later) were obtained by using C3M2 signal to perform SWS detection. However, other SWS detection methods proposed in this work yielded similar results. 
C. The Falsely Detected SWS
Since the false negative error (the error that incorrectly classify SWS as NSWS) can be directly derived from sensitivity, to gain more insight into the test results, Table VI summarizes the false positive errors of the tested methods. Table VI shows the percentages of the misclassified epochs for every NSWS stage including the rapid-eye movement (REM), stages 1 (S1), stage 2 (S2) and wake period. The results of Table VI clearly show that, among all NSWS stages, S2 was mostly likely to be falsely classified as SWS. In contrast, relatively few wake and REM sleep epochs were incorrectly classified as SWS. 
D. The Influences of AHI Value
To demonstrate the influences of the severity of sleep apnea, Table VII presents training results of four subsets of patients (healthy AHI < 5, mild AHI, 5<AHI< 15, moderate 15<AHI< 30, severe AHI>30) from the 947 subject dataset. Note that the mean differences of the SWS ratios of these four subsets are statistically insignificant at the level of 0.05. As shown in Table VII , the tested method performs better for the healthy persons than for the apnea patients. 
IV. DISCUSSIONS
The results of the first part of our experiments show that the performances of the proposed methods compare favorably with those of the previous approaches. In addition, as reported in Virkkala et al.'s study [15] , the human inter-rater epoch-by-epoch agreement for one of their datasets is approximately 94% which is very close to the classification accuracy obtained by the proposed approach in the first part of the experiments.
Based on single channel results of Table II , it is found that EEG (Kappa coefficient 0.76-0.77) outperforms EOG (Kappa coefficient 0.72-0.73) in detecting SWS. In comparison, the performances of the four tested two channel methods are relatively close. As a consequence, the REOG-LEOG combination seems to be method of choice since it avoids the difficulty associated with EEG signal measurement.
The results of Table V show that lower SWS ratio leads to worse SWS detection results. This phenomenon can be explained by the training set imbalance problem [22] - [24] . For a binary classification problem, training set imbalance occurs when the number of examples of one class (majority class) is significantly larger than the number of examples of the other class (minority class). As the ratio of the numbers of examples of these two classes becomes more extreme, the classifier places more emphasis on the majority class in order to minimize the overall error. Unfortunately, this is often accomplished at the expenses of scarifying the classification accuracy of the minority class. As a result, the classifier can easily become one-sidedness and thus be rather ineffective in detecting minority class examples. In the present study, SWS is apparently the minority class. Consequently, as the SWS ratio becomes smaller, accurate SWS detection becomes more difficult to achieve.
Based on the PSG recordings of three healthy subjects and three OSA patients, it was shown that automatic sleep staging methods can be less accurate for the sleep apnea patients than for healthy subjects [6] . However, to the best our knowledge, this potential problem has never been more extensively studied. Therefore, the last part of this study examines the influences of AHI. As demonstrated by Table VII, the proposed approach is indeed less effective in dealing with sleep apnea patients.
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This trend of performance degradation also appears in human scoring. In specific, several inter-scorer reliability studies have found that human sleep staging results of OSA (obstructive sleep apnea) patients have a comparatively lower degree of agreement than those of the healthy subjects [25] - [28] .
For the apnea patients, the signal infidelity caused by the increased movement artifacts, arousals and other apnea symptoms may lead to performance degradation of the proposed methods. In addition, imperfect training set that contains incorrect human staging decisions may also result in performance decline.
With an imperfect training set, building a perfect automatic sleep staging method does not seem to be a realistic expectation. Apparently, for the successful development of automatic sleep staging methods, we need large and accurate PSG data sets. A possible approach for developing such datasets is via an iterative process of human-computer interactions. Initially, the automatic staging method is first designed by using a standard dataset. Next, epochs that are misclassified by the automatic sleep staging method should be reexamined by human experts to make sure that the human sleep stage scoring for each of such epochs is indeed correct. Once such an inspection process has been completed, the classifier should be redesigned by using the updated dataset. This iterative process should be repeated until no manual scoring result need to be altered.
In conclusion, based on newly developed signal features, this work proposes and tests a number of one or two channel EEG/EOG based SWS detection methods. In developing the proposed methods, special attention has been given to resolve the difficulties associated with the interpersonal differences of the physiological signals. In addition, in examining the effectiveness of the proposed methods, this study also studies the influences of SWS ratio and AHI values. As demonstrated by the experimental results, despite being overlooked by many previous studies, these two factors can degrade the performances of the automatic sleep staging methods. The results of this work also show that large and accurate PSG datasets are of great importance for the development of high performance automatic sleep staging methods.
